INTRODUCTION

38
Circular RNAs (circRNAs) are an emerging class of RNAs formed by the non-sequential 39 back-splicing of pre-messenger RNAs (1) . CircRNAs are expressed in a tissue-specific manner and 40 in some cases are more efficiently generated than their linear cognate mRNAs (2, 3) . Although Table S2 . Good quality Sanger sequencing of the PCR product was 98 obtained for 15 of the circRNAs tested, and 13 of these confirmed the back-spliced junction 99 (Supplemental Figure S1 ).
101
RESULTS
102
Dataset Overview
103
We investigated circRNA expression in a total of 197 human brain samples (20) from frontal 104 cortex, temporal cortex and cerebellum (Methods; Supplemental Table S1 ) obtained from control
105
(CTL) and ASD individuals ( Figure 1a ). These paired-end unstranded RNA-seq data were 106 generated following ribosomal RNA-depletion (Methods; (20) ). In order to assess the 107 reproducibility of our findings, samples were divided into a discovery dataset (DS1, 144 samples) 108 and a replication dataset (DS2, 53 samples). To allow adequate statistical power, the discovery 109 dataset DS1 was assigned a larger sample size than the replication dataset DS2, where we would 110 test for effects already identified in DS1. Given the well documented transcriptional similarity 111 between frontal and temporal cortex (22) , also observed for circRNAs (see below), we considered 112 these regions as a single group (cerebral cortex; CTX). Within each dataset, there was no 113 significant difference in age or gender ratios between CTX and cerebellum (CB), or between ASD 114 and CTL (Supplemental Figure S2 ).
115
To assess the quality of the RNA-seq data and of the circRNA quantification approach, we 116 first carried out a benchmarking analysis (Supplemental Information). We compared (a) circRNA 117 expression quantification in ribodepleted unstranded RNA-seq data (DS1, DS2) with polyA-118 selected and ribodepleted stranded RNA-seq data generated from the same samples and (b) two 119 circRNA quantification algorithms: CIRCexplorer (23) and DCC (Detect CircRNAs from Chimeric 120 reads; (24)). Benchmarking showed that the RNA-seq data were appropriate for circRNA detection 121 and that DCC performed the best for circRNA quantification (Supplemental Information).
122
CircRNA quantification in all 197 samples (including control and ASD samples) lead to the 123 detection of a total of 43,872 circRNAs in DS1 and 28,251 circRNAs in DS2 (Supplemental 124 Methods). Circular junction (i.e. back-splice) reads were normalised to total library size as counts 125 per million (CPM). circRNA expression was also normalised to that of the parental transcript by 126 calculating a circular-to-linear ratio (CLR), as well as a circularization index (CI; Figure 1b ).
127
CircRNAs were considered robustly expressed if they were detected by at least 2 circular analyses.
132
We assessed the circular nature of a subset of 22 circRNAs by RT-PCR with divergent 133 primers (which would amplify on a circular but not a linear molecule), and found a 90.9% 134 validation rate (Methods; Figure 2b ).
135
We also observed a strong correlation (Spearman rho=0.93 ) between the mean circRNA 136 expression level (CLR) in DS1 and DS2, supporting the robustness of these data.
137
The 14,386 DS1 circRNAs and 9,440 DS2 circRNAs (Supplemental Table S3 ) were Table   149 S4). We also assessed whether circRNA expressing genes were overrepresented among genes The proportion of circRNAs for which the strict orthologous mouse coordinates were also 155 detected as circRNAs in our human brain dataset was 8.6% in DS1 and 9.6% in DS2, consistent 156 with previous observations (6) . 159 We assessed whether our datasets contained novel circRNA compared to those curated from 160 previous studies in circBase (26) . We detected 1,548 novel circRNAs in DS1 and 692 in DS2, of 161 which 83% were detected in both datasets (Supplemental Methods; Figure 2a ). Hundreds of novel 162 circRNAs were detected in more than 10 brain samples, and some were expressed in more than a 163 hundred samples, demonstrating that they are frequently expressed in the human brain (Figure 2d ).
Identification of novel circRNAs
164
CircRNA annotation relative to genomic features showed that most circRNAs, including novel 165 circRNAs, were formed between annotated exon-exon junctions (Supplemental Figure S3 ).
166
The novel circRNAs identified included both novel isoforms from known circRNA-
167
producing genes, as well several hundred circRNAs expressed from genes not previously reported 168 to circularize. Throughout this manuscript, we use the term "circRNA isoforms" to refer to 169 circRNAs produced by back-splicing of distinct exon-exon junctions of a gene.
170
As an example, we outline circRNA expression from RIMS2, a gene that encodes a 171 presynaptic protein involved in regulating synaptic membrane exocytosis (27). RIMS2 shows 172 conserved circRNA expression in human, mouse, and pig brain (6, 28) , with 35 known isoforms of 173 circRIMS2 in human brain (26). Here, we identify 15 RIMS2 circRNA isoforms detected in the 174 human brain in both DS1 and DS2, of which 7 are novel circRNAs (Figure 2e ). Notably, 3 of the 175 novel circRNAs are highly expressed in both datasets (> 0.1 CPM in at least 2 distinct samples), 176 and 2 of the novel isoforms were expressed in more than 50 brain samples. In addition to the high 177 complexity of circRIMS2 isoform expression, we also find that RIMS2 shows circRNA isoform 178 switching between cerebral cortex and cerebellum (Figure 2e ).
180
CircRNA expression is characterised by major isoform(s) 181 To investigate the global properties of circRNA expression in the human brain, we first used 182 the data from control samples (N=68 in DS1; N=29 in DS2).
183
An important layer of regulation of mRNA expression consists of major isoform(s), which 184 account for most of the transcriptional output of a gene in a given tissue or cell type. We thus asked 185 whether circRNA isoforms are stochastically expressed, or show evidence of major isoform 186 expression. The latter scenario would strongly indicate regulated circRNA expression, in a manner 187 that is not confounded by the difference in circRNA vs. mRNA degradation rates (Figure 3 ).
188
We assessed the major circRNA isoform relative CLR (i.e. the expression level of the most 189 highly expressed circRNA relative to the total circRNA expression from a given gene, after 190 correction for linear RNA expression levels; Figure 3b ). We asked whether the observed major 191 isoform relative CLR was higher than expected by chance. To this end, we randomly sampled We classified genes by the number of circRNA isoforms expressed, and compared the 197 observed and simulated distribution of mean major isoform relative CLR within each class. We 198 found that the major circRNA isoform accounted for significantly more of the circRNA output than 199 expected by chance, in both DS1 and DS2, demonstrating that circRNAs were not expressed 200 stochastically (Figure 3c-d) .
201
We observed good agreement in major isoform calls between DS1 and DS2. 1,910 major 202 isoforms were identified in DS1 (i.e. circRNAs called major isoform in at least 50% of the DS1 203 samples), of which 1,577 were expressed in DS2. Of these, 89% were called major isoforms in DS2
204
(Supplemental Figure S4 ).
205
We then investigated whether major isoform expression is explained by sequence 206 complementarity of flanking introns. Reverse-complementary sequence matches (RCM) of 207 flanking introns were calculated for all circRNAs using autoBLAST ((29); Supplemental Methods).
208
We found that circRNA major isoforms were only marginally more likely than expected by chance 209 to have the highest sequence complementarity score (Supplemental Figure S5 ).
211
Interplay between canonical-and back-splicing in the human brain 212 We characterised alternative splicing events in the larger dataset (DS1, control samples) 213 using rMATS (30), and contrasting CTX and CB (Supplemental Methods). Cassette exon (i.e. exon 214 skipping) was the predominant AS event (72%), and thus we focused on the comparison of 215 alternatively spliced cassette exons (referred to as "AS" from here on) and circRNA formation.
216
The percentage of AS exons was significantly higher among circRNA-forming exons than 217 among non-circ forming exons after correction for gene expression levels and intron length ( Figure   218 4a). We then compared exon inclusion levels (i.e. the ratio between the inclusion and the skipping 219 isoform of a given AS exon; Supplemental Methods) between circ-exons and non-circ-exons that 220 undergo alternative splicing. Interestingly, circ-exons were formed primarily from exons with high 221 inclusion rates (Figure 4b ), indicating that circRNA formation is not primarily a by-product of exon 222 skipping.
223
The number of circRNAs expressed per gene varied between one and sixty (DS1), and was 224 highly correlated between DS1 and DS2 (Spearman rho = 0.82). Using circRNAs expressed in both 225 DS1 and DS2, we found that 446 genes expressed more than 5 circRNAs. For these "circRNA 226 hotspot genes" we found a significant correlation between the number of circRNAs expressed and 227 the number of alternative splicing events detected per gene (rho=0.32, p< 2.2e-16). The correlation 228 remained significant after correction for the total number of exons per gene (rho=0.14, p< 2.2e-16). property of non-coding RNAs to be specifically rather than broadly expressed (35). In addition, 248 over-dispersion of count-level data is also a likely contributing factor.
249
Since circRNA formation is a more rare event than the transcription of the parental transcript,
250
we then investigated whether its frequency was consistent across the two datasets. We found high 
CircRNA expression differences between CTX and CB
265
We assessed circRNA expression differences between control CTX and CB samples using a Table S5b Figure S7 ).
283
We also assessed circRNA expression during cellular maturation in human brain organoids, 
CDR1as
. Furthermore, the model predicts that CDR1as should be anti-correlated with mir-7 and 301 mir-671. Remarkably, the human brain data faithfully follows these predictions: CDR1as was 302 significantly correlated with CYRANO (rho=0.63) and it was significantly anti-correlated with mir- show both evidence of direct interaction by CLIP-seq and significant expression correlation in the 308 brain (absolute rho >0.5). We identified 101 such pairs, of which 64 were negatively correlated (as 309 expected for a sponging effect), and 34 were positively correlated (Supplemental Table S7 ).
311
Co-expression networks identify circRNA expression differences in cerebral cortex in ASD 312 We carried out a co-expression network analysis of circRNA expression (DS1 data, CI) using 313 the cortex samples, after regressing out all covariates except phenotype (Supplemental Methods).
314
To address the problem of sparse data (i.e. most circRNAs being expressed in a small number of i.e. highest kME), is a circRNA expressed from ZKSCAN1, which plays a role in cell proliferation 
328
M4 was enriched for markers of inhibitory and excitatory neurons, and for genes localised at 329 the synapse (Supplemental Table S8 ). We assessed the enrichment of M4 genes for genes 330 associated with ASD, ID and SCZ and found a significant enrichment for ASD and ID genes 331 (p=4.4 e-05 and p=0.026 respectively; hypergeometric test) but not for SCZ genes (p=0.079; 332 hypergeometric test). We also compared M4 with previously reported gene co-expression modules 333 from ASD and controls (20) . M4 significantly overlapped M8 from Parikshak et al. (20) . However,
334
M8 was not significantly associated with ASD, consistent with distinct regulation of circRNA and 335 linear mRNA expression.
337
DISCUSSION
338
The data presented here represents a large-scale assessment of circRNA expression in the 339 human brain, bringing further insight into an additional layer of brain transcriptome complexity.
340
We focused on identifying circRNAs reproducibly expressed (in at least 5 samples in each dataset), 341 rather than very rare back-splicing events. The analysis of this rich resource revealed several novel 342 insights into circRNA expression in the human brain. We demonstrate that circRNA expression is 343 characterised by major isoforms, adding a novel aspect to the notion that circRNAs are expressed 344 in a regulated manner in the human brain.
345
Although the expression of most circRNAs was restricted to a subset of samples, we 346 observed a remarkably high correlation between DS1 and DS2 circRNA expression levels,
347
suggesting that the circularization rate was an intrinsic property of a given back-splice junction.
348
Consistent with previous data from human fibroblasts (44), we observed a significant CircRNA-producing genes significantly overlapped genes associated with ASD, SCZ and ID.
360
Since genes associated with neurodevelopmental disorders are known to be enriched for neuronal Boxplots displaying circRNA expression differences between CB and CTX, in both DS1 and DS2.
524
CI: circularization index. Only five of the seven circRNAs are displayed, which showed significant 525 differences in CI levels between CB and CTX after correction for covariates and multiple testing 526 (Supplemental Table S5 ). The horizontal line represents the median, boxes extend between the first 527 and third quartiles, and whiskers extend from the box to 1.5x the inter-quartile range. Bottom, right:
528
Barplot showing the number of samples in which each circRNA was detected. circRNA labels 529 correspond to the labels from the top annotations track. showing the top 20 circRNAs by kME (circles), and the top 50 connections between them as edges. S1 S2 S3 S1 S2 S3 S1 S2 S3 S1 S2 S3 S1 S2 S3 S1 S2 S3 S1 S2 S3 S1 S2 S3 S1 S2 S3 S1 S2 S3 S1 S2 S3 S1 S2 S3 S1 S2 S3 S1 S2 S3 S1 S2 S3 S1 S2 S3 A.
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SUPPLEMENTAL METHODS
RNA-seq DATA ANALYSIS
Benchmarking analysis RNA-seq data for benchmarking. CircRNA quantification was benchmarked on 5 DS1 tissue samples: 5115_ba9, 5278_ba9, 5297_ba41-42, 5308_ba41-42, 5309_ba41-42, for which we generated polyA+ and ribodepleted stranded RNA-seq data. Brain tissue from the same individuals and brain was carried out at the UNSW Ramaciotti Centre for Genomics, followed by sequencing on an Illumina NextSeq 500 sequencer to obtain 100 bp paired-end reads (Supplemental Table S1 ).
PolyA+ and ribo-depleted stranded RNA-seq data, were mapped to the human genome (hg19) using STAR (1) with the same parameters as described below for the human brain dataset. The chimeric read alignments were used as input for either DCC (2) or CIRCexplorer (3), run with default parameters for stranded paired-end data. CircRNAs were filtered to include those detected by at least 2 back-spliced junction reads in a minimum of 2 distinct samples. CircRNA counts were normalised to library size to obtain counts-per-million (CPM).
The false-positive detection rate (i.e. the percentage of circRNAs detected in DS1 data that were also detected in the polyA+ data from the same sample, normalized for sequencing depth) was < 1% for DCC and < 3% for CIRCexplorer (Supplemental Figure S10a) . Notably, we observed low falsepositive rates despite the fact that the sequencing depth and the paired-end read length were higher for the polyA+ libraries than the original RNA-seq data (Supplemental Figure S10b) . Since previously reported polyA+ based false positive rates were 2.7%-8% depending on algorithm (4), we concluded that both DCC and CIRCexplorer performed well on the brain dataset, with DCC showing a particularly low false-positive rate.
We also assessed the effect of strand-specificity of the RNA-seq data on false-positive rate detection. We found that all false-positive circRNAs detected in the unstranded data were detected in the stranded data as well (Supplemental Figure S10c) , demonstrating that lack of strand-specificity did not lead to false-positive circRNA detection.
Across the five DS1 brain tissue samples, DCC and CIRCexplorer identified 5,706 and 5,426
circRNAs, respectively, with 91% of these being identified by both algorithms. Furthermore, the correlation between circRNA expression quantified by DCC and CIRCexplorer in the same sample was between 0.97 and 0.99 (Supplemental Figure S10d) . This result indicated that circRNA quantification was robust to the choice of method, and due to its lower false-positive detection rate, DCC was chosen for downstream analyses.
Human brain circRNA dataset
RNA sequencing reads from brain samples (DS1) were aligned to the human genome (hg19) using STAR (1) , with the following parameters, recommended for optimal circRNA detection (2) Gene-level expression was assessed with featureCounts, as implemented in STAR. Samples with more than 3 standard deviations away from the mean of mean inter-sample correlations, as well as outliers on PCA analysis were eliminated from further analyses. For each dataset (DS1 and DS2), 3 genes were filtered for expression at a minimum of 1 RPKM in at least 30% of the smallest sample group within each dataset (i.e. 6 samples in DS1 and 4 samples in DS2). CircRNAs were identified using STAR's chimeric read alignments as input for DCC (2) (Supplemental Information Code), with default parameters for paired-end un-stranded data. Counts for circRNAs with identical genomic coordinates on opposite strands were summed, given the unstranded nature of the data. CircRNA counts were normalised to the total number of uniquely aligned reads, to obtain counts per million (CPM).
For each circRNA, its corresponding linear junction counts were quantified using splice junction counts generated by STAR. The downstream and upstream linear junction counts were calculated as the sum of all linear junction reads spanning the start-and the end-circRNA coordinate respectively (schematic representation below). Linear junction reads were also normalised to library size (i.e. the total number of uniquely aligned reads).
 CircRNA annotation relative to genomic features
Since the RNA-seq data was un-stranded, circRNAs were assigned a strand based on their overlap with exon junctions as follows: if either the start or the end overlapped an annotated exon junction, the circRNA was assigned the strand of the corresponding transcript. If neither start nor end overlapped an exon junction, or if they overlapped exon junctions on both strands, the strand was set as ambiguous. CircRNAs left with ambiguous strand annotation were next overlapped with gene intervals and assigned a strand in the same manner as above. CircRNA genomic annotation was done separately 
 CircRNA filtering
To select robustly expressed circRNAs we used the overlap between DS1 and DS2 as a guide for filtering criteria. We assessed the overlap between circRNAs detected in DS1 and DS2 when requiring circRNAs to be expressed at a minimum of either 2 read counts (a permissive criterion) or 0.1 CPM (stringent criterion) in a range of numbers of samples from 1 to 10 (Supplemental Figure S10e) . We found that the overlap between DS1 and DS2 increased with the number of samples we required expression in, as expected, and plateaued at 5 samples. Notably, when requiring expression in a minimum of 5 samples, the overlap between DS1 and DS2 was above 90% using either the permissive or the stringent criteria, and thus we used this filtering parameter for inclusion of circRNAs in further analyses. However, we also include in the Supplemental information (Supplemental Table S3 ) the number of samples in which each circRNAs is expressed at a higher expression threshold (>= 0.1 CPM), to allow this resource to be easily used to identify highly expressed circRNAs.
Enrichment analyses of circRNA-producing genes
All enrichment analyses were carried out using the intersection of circRNA producing genes from DS1 and DS2, and the intersection of all genes expressed in DS1 and DS2 as background.
Gene Ontology enrichment analysis was carried out using GOseq (5), with correction for gene length and Benjamini and Hochberg (BH) correction for multiple testing.
KEGG pathway enrichment analysis was carried out using gProfiler (6) with KEGG pathways as source and Bonferroni multiple testing correction.
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The enrichment of circRNA genes among neuronal subtypes was carried out using marker genes from Lake et al. (7) . We used as markers genes reported by Lake et al. to be significantly differentially expressed for each excitatory and inhibitory neuron cluster (Supplemental Table 3 of the Lake et al study) with the additional requirement of fold change > 2. Enrichment of circRNA genes among markers of each neuronal sub-type was assessed using a hypergeometric test as implemented in the phyper function in R, followed by Bonferroni correction.
ASD-associated genes were obtained from the SFARI database (8), and we included all syndromic genes and genes with a score < 4. ID genes were obtained from Vissers et al (9) . SCZ genes were obtained from SZDB (10), and we included genes supported by at least 2 lines of evidence.
Enrichment of circRNA genes among ASD, ID and SCZ genes was assessed using a hypergeometric test as implemented in the phyper function in R, followed by Bonferroni correction.
The threshold for significance for all enrichment analyses was set at p < 0.05 after multiple testing correction.
Conservation of circRNA expression
To assess circRNA expression conservation between human and mouse brain, we first converted hg19 human genomic coordinates to mm9 mouse coordinates using the liftOver tool from the UCSC genome browser. The converted coordinates were then interrogated using the mouse circRNA expression data from Rybak Wolf et al. (11) (Supplemental Table S1 of that study). The % conservation was calculated as the percentage of human circRNAs in DS1 and DS2 respectively, for which their converted genomic coordinates were found as circRNAs expressed in the mouse brain.
CircRNA flanking-intron sequence complementarity analysis
Introns flanking circRNA back-splice junctions were used as input for autoBLAST (12) , which employs BLAST with the following settings: parameters: blastn, word size 7, output format 5, to determine sequence complementarity in circRNA flanking introns. Intron-pairing score for a given 6 circRNA was defined as the number of reverse-complementary matches with a minimum bit score of
20.
Alternative splicing analysis rMATS (13) All comparisons between circRNA expression and AS were carried out in control samples.
In-silico deconvolution
One of the important properties of human brain regions is their cellular composition and layer structure, which in turn can affect the cellular composition of dissected brain samples. Therefore, we estimated in-silico the proportion of individual cell types in the brain tissue samples, using
DeconRNAseq (15), and gene expression data from pure populations of immunopanned neurons, astrocytes, oligodendrocytes, microglia and endothelial cells (16) as reference transcriptomes. We found a significant difference in the proportion of neurons between CB and CTX (Supplemental Figure   S11a) , with lower and more homogeneous neuronal proportions in the CB samples. We also found that the first principle components of both gene expression and circRNA expression data strongly correlated with the estimated proportion of neurons (|rho| > 0.8 for gene expression PC1; |rho| > 0.6 for circRNA expression PC1; Supplemental Figure S11b-c), indicating that cellular composition is an important covariate when assessing gene and circRNA expression differences between brain regions. 7 To estimate in-silico the proportion of individual cell types in brain tissue samples, we used DeconRNAseq, which is specifically designed for RNA-seq data (15) , and two distinct reference transcriptome datasets: (a) CAGE data from cultured neurons and astrocytes from the FANTOM5 consortium (17) , and (b) RNA-seq data from immunopanned human astrocytes and neurons from the Barres lab (Zhang et al., 2016 (16) ). We found a very high correlation between the neuronal proportion estimates based on the two reference transcriptomes (Spearman rho > 0.9, Supplemental Figure S12a ).
We also found high correlation between neuronal proportion estimates obtained by FANTOM5 or We also assessed cellular composition using Neuroexpresso (18) using mouse cortex-derived marker genes for the CTX data, and cerebellum-derived marker genes for the CB data. We calculated marker-gene based proportion of neurons (MGP-neurons) for CB and CTX samples as the sum of cerebellum neuron subtypes and cortical neuron subtypes respectively. We reproduced the observation of lower neuronal estimates in CB compared to CTX in DS1 and DS2 using this additional approach (Supplemental Figure S12c ).
Differential expression with brain region and age
To assess differential circRNA expression with brain region and age, we applied a linear model to circRNA expression levels normalised to their linear transcript (CI), using the control samples To assess whether this result is replicable in the smaller dataset (DS2), we applied the same data analysis approach as above in DS2. We included both ASD and control DS2 samples, in order to increase statistical power, and added phenotype to the list of co-variates.
Co-expression network analyses
Network analysis was carried out in the larger dataset (DS1) using circRNAs expressed in at least half of the CTX samples (DS1). Normalised circRNA expression values were first corrected for covariates using a linear model, and the residual values were used for network construction. The coexpression network was constructed using the blockwiseModules function in the WGCNA R package (19) with the following parameters: power=10, networkType="signed", corFnc="bicor", minModuleSize=10, mergeCutHeight=0.2. The beta power was chosen so that the network fulfilled scale-free topology (r 2 > 0.5). CircRNAs were assigned to a module based on their correlation to the module eigengene value (kME > 0.1) and a significant BH-corrected p-value for this correlation (adjusted p < 0.05). kME values are listed in Supplemental Table S8 .
Gene ontology enrichment analysis of the M4 module was carried out using gProfiler (6) . Cell type enrichment analysis was carried out using single-cell based cell type markers from PsychEncode (http://resource.psychencode.org/), and a hypergeometric test as implemented in the p.hyper function 9 in R. The overlap with ASD, ID, and SCZ genes was assessed using a hypergeometric test, with genes expressed in DS1 as a background.
Module preservation (20) between DS1 and DS2 was assessed based on circRNAs expressed in at least half of the samples in each dataset (Supplemental Figure S9) , using the modulePreservation function from the WGCNA R package, with the DS1 network as reference.
CircRNA-miRNA interaction analysis
miRNA expression data was obtained from (21) , which included 95 brain samples present in DS1 (Supplemental Table S7 ; 46 frontal cortex, 46 temporal cortex and 52 cerebellum samples). We selected circRNAs expressed in at least half of these brain samples. Residual values for both miRNA expression data and circRNA expression were obtained using a linear model to correct for covariates (age, sex, median 3'bias, sequencing batch, and brain bank). miRNA-circRNA Spearman correlation values were calculated using the residuals. CLIP-seq data on circRNA-miRNA interactions were obtained using the STARBASE API (starbase.sysu.edu.cn) (22) with the following parameters:
assembly=hg19, geneType=circRNA, miRNA=all, clipExpNum=5, degraExpNum=0, pancancerNum=0, programNum=1, program=PITA,RNA22, target=al, cellType=all.
Organoid dataset
Mapping and circRNA quantification for RNA-seq data from brain organoids were carried out as described above for human brain data. CircRNAs were included in the dataset if they were detected in at least 2 samples.
SUPPLEMENTAL FIGURES
Supplemental Figure S1 . PCR amplification of back-splice junction validated by Sanger sequencing. Top: Schematic display of divergent primers (purple arrows) that anneal to circRNA exons (grey boxes) and amplify across the circRNA back-splice junction (red line Boxplots were generated using the boxplot function in R; the horizontal line represents the median, boxes extend between the first and third quartiles, and whiskers extend to 1.5 IQR (inter-quartile range) from the box. Notches mark +/-1.58 IQR/sqrt(n), where n represents the number of data points.
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Supplemental Figure S3 . CircRNA annotation relative to genomic features. exonJ-exonJ: circRNAs for which both ends correspond to annotated exon junctions. The rest of circRNAs were annotated based on the overlap of at least one end with genomic features, using the following hierarchy: exonJ > exonic > intronic > intergenic. Supplemental Figure S4 . Major isoform agreement across datasets. A. Barplot displaying the number of circRNAs called major isoforms in DS1, classified on whether they were also called a major isoform in DS2 (TRUE) or not (FALSE). B. Histogram displaying the proportion of samples in which DS1 major isoforms were identified as a major isoform in DS2. CircRNAs identified as a major isoform in at least 50% of samples in each dataset were called a major isoform in that dataset.
Supplemental Figure S5 . Intron-pairing rank of circRNA major isoforms. Genes are classified based on how many circRNAs they express, and for each class (X-axis), the intron pairing rank of the major isoform is plotted in % (Y-axis). Rank=1: highest intron pairing score; Rank=10: lowest intron pairing score. Only genes expressing up to 10 circRNAs are plotted. Table S7 . miRNA-circRNA interactions. A predicted miRNA-circRNA interactions.
Supplemental
The table includes all miRNA-circRNA pairs supported by Ago2 CLIP-seq data from STARBASE (Supplemental Methods), which showed an absolute Spearman correlation coefficient > 0.5 between circRNA and miRNA expression in the brain. B. List of samples for the circRNA-miRNA interaction analysis, for which both circRNA expression and miRNA expression data were available. Table S8 . CircRNA WGCNA results. A. kME data. kME: correlation between individual circRNA expression and module eigengene values. pvalBH: Student p-values for the kME correlation values, corrected for multiple testing using a Benjamini and Hochberg correction. B. Gene ontology enrichment of the M4 ASD-associated module. C. Cell type marker enrichment of the M4 ASD-associated module.
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SUPPLEMENTAL INFORMATION CODE
Data analysis code is available as a Github repository: https://github.com/Voineagulab/circRNA_HumanBrain
